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Abstract: Conventional approaches in Structural Health Monitoring (SHM) tend to be complex,
destructive, and time-intensive. Additionally, they often require a large number of sensors to
thoroughly assess structural integrity. In this study, we present a novel, non-destructive SHM
framework based on machine learning (ML) for the accurate detection and localization of structural
cracks. This approach leverages a minimal number of strain gauge sensors linked via Bluetooth
communication. The framework is validated through empirical data collected from 3D carbon fiber-
reinforced composites, including three distinct specimens, ranging from crack-free samples to
specimens with up to ten cracks of varying lengths and depths. Strain data from five sensors were
analyzed using a combination of Shewhart charts, Grubbs Test (GT), and a hierarchical clustering
algorithm, specifically designed to evaluate and classify fractures. Our ML-based framework offers
a streamlined and efficient alternative to traditional laboratory procedures, delivering precise crack
detection with significant potential for applications in the composites industry.

Keywords: structural health monitoring; machine learning; bluetooth low energy sensor; Shewhart
chart; Grubbs test; hierarchical clustering; 3D composite

1. Introduction

Structural damage and material ageing in carbon fibre composites significantly reduce the
durability, maintainability, and safety of engineering structures such as wind turbine blades, aircraft
wings, and boat hydrofoils. Timely and accurate structural assessments can prevent catastrophic
failures and economic losses. Moreover, early detection of deterioration can alleviate the financial
burdens associated with maintenance. Traditional laboratory-based SHM methods have been
developed to monitor damage-sensitive features such as stress and strain at critical points, alongside
electromechanical impedance techniques and vibration analysis. SHM strategies typically focus on
five key aspects: damage detection, localization, classification, evaluation, and prediction of
remaining functional life [1].

Monitoring composite materials via laboratory equipment, however, is both labour-intensive
and environmentally taxing. Machine learning (ML) presents an appealing alternative, offering faster
and more cost-effective predictions of material properties. ML enables robust statistical modelling
and simulations, providing comprehensive insights into material performance under varying
conditions, which would otherwise be challenging to capture through laboratory tests. Consequently,
ML has garnered increasing attention in SHM applications, from fundamental property predictions
[2,3] to experimental design [4]. Through algorithmic approaches, ML facilitates high-throughput
recognition and quantification of material damages.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Numerous studies demonstrate the success of ML in material science. For instance, Kabbani et
al. [5] achieved 90% accuracy in testing unidirectional fibreglass polypropylene using artificial neural
networks (ANN), while Liu et al. [6] optimised the algorithm for failure detection in woven
composites. Other studies have applied support vector machines (SVM) [8] and genetic algorithms
[7] to predict mechanical properties and material defects. Despite these advances, computational and
statistical challenges persist, including scalability, data imbalance, small sample sizes, and high

dimensionality.
Nomenclature
OoC Out of Control L lirik (claster)
UCL Upper Control Limit a strain
LCL Lower Control Limit Ao strain range
sD Standard Deviation B average value {mean)
G-test Grubb's test RETM E.esin Transfer Moulding
Bs Beam sample SVM Support Vector Machine
Ss Square sample ML MMachine L earning
Cr Crack rectangle D Three dim ensional
Cs Crack square ANN Artificial Newral Network
Ch Crack beam HC Hierarchical Cluster
Rs Fectangle sample PDF Probability Density Function
BLE Bluetooth L ow Energy

2. Materials and Methods

The fabric structure evaluated in this study is layer-to-layer 3D woven [17] that contains four
wefts, six warp and six binders in the unit cell. To transform this fabric into a composite material, two
resin systems (R1 and R2) are used within two different shapes of 3D preform (square & rectangle).
R1 indicates the Prime 37 epoxy system, whereas R2 is a Pro-set epoxy system. Consolidation via
resin transfer moulding (RTM) [18] builds a solid carbon fibre-reinforced matrix. Carbon fibre-
reinforced composite was used in the vessel’s interior. The material proved to have a better resistance
in marine environments [19]; the smooth external surface of the components is within the limit of dirt
and subsequently, they are less susceptible. The material also expected to use as a composite boat
hydrofoil that may experience different forces due to velocity changes, pressure and fluid’s viscosity.
Generally, lift and drag forces could be exerted on the hydrofoil submerged in a stream flow. The
hydrofoil surface is subjected to drag force by the fluid due to uneven pressures and viscous friction
[20]. Normally, fluid movement over the hydrofoil creates two different zone of fluid velocity due to
the angle of attack and the camber. The differences between the velocity of the fluid particles at the
higher and lower surface of the hydrofoil generate a low-pressure zone at the upper surface and a
high-pressure zone at the lower surface. Uneven pressure distribution between the upper and lower
surface of the hydrofoil generates the lift force [21].

In this work, we use three samples cut from the 3D layer-to-layer composite material discussed
above (Figure 1a). Specimen one was a beam (Bs), two-point bending test was performed using a
uniaxial experimental setting to determine the strain of the specimens (Figure 1b). When a beam
experiences a bending moment, it will change its shape and internal stresses will be developed
(Figure 1c). The second specimen was a rectangle sample (Rs) of 3D composite with a dimension of
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160 x 340 mm that was instrumented with five strain gauge sensors and subjected to controlled loads.
The strain samples were recorded as a function of fracture development when eleven cracks
developed between 3,4 and 5. The third specimen was a square sample (Ss) with a dimension of 160
x160 mm that was equipped with another five strain gauges when ten surface cracks developed
between sensors three and four.

a)

Specimen 1

b)

Specimen 3

Fl Fy
JAY a A AN
Figure 1. a) Ss sample cut from 3D layer-to-layer composite material and its developed length crack-

Lift and drag Forces position on hydrofoil is shown in upper-right. b) Schematic of the three-specimen
geometry and a crack position. c) Load configuration during the experiment.

In previous discussions, it was noted that various forces from water flow cause dynamic stress
on hydrofoil structures. Bluetooth Low Energy (BLE) technology [22] represents a new generation of
Bluetooth-based strain gauge sensors that offer several advantages for monitoring hydrofoil
structures. These sensors can be easily mounted on the inner surfaces of the hydrofoil without the
need for complex wiring, making them suitable for underwater scenarios. In the current study, the
sensor system is a compact module that houses the BLE (Figure 2). The module includes a bridging
board, a Bluetooth transmitter board B24-SSBX-A, and a strain gauge sensor. Importantly, it is
designed that the coin-cell battery to be replaced without affecting the system’s functionality.

A compact and low-profile enclosure was designed to house the electronics module and a
battery. The enclosure aligns and supports the spring-loaded connector, ensuring consistent contact
with the strain gauge sensors during use. This modular configuration and its enclosure allow for easy
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disassembly and replacement of parts, maintenance, battery changes, and adaptation to various
locations.

Figure 2. a) a removable electronic enclosure attaches to the strain gauge electrodes using a holder
permanently fixed on the sample surface. The node can be moved to a new location. b, c) the enclosure
accommodates a wireless module (BLE), a coin cell battery, supporting electronics and a spring-
loaded connector. d) spring-loaded interconnect header in contact with copper pads deposited on the
sample surface and connected to the strain gauge sensor. e) Electronic module that accommodates
BLE sensors, compared with a pen to evaluate the size. f) The front side of the bridging board has four
resistors. It is a connector between the strain gauge sensors and the transmitting board.

The transmitting board and the strain gauge sensor are connected via a bridging board. To
provide the highest sensitivity to strain changes, strain gauges were integrated in a half-bridge
Wheatstone configuration, where two active strain gauges are used in place of two of the bridge’s
four resistors. This configuration can measure any variations in resistance, which can be caused by
small strain changes or gauge deformation. The sensor outputs with various lengths and surface
cracks developed are shown in Figure 3, where the average strain value for each sensor was
determined.
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Figure 3. a) Measured strain vs sensor number when crack developed through Bs. b) The average
value of each BLE sensor when cracks developed through Bs [equivalent experiment shown in (a)].

The BLE sensor value deviates from its mean around the crack zone when the fracture
increments. The initial laboratory experimental results show that the sensors with a continuous
increase in the strain indicate the presence of a crack. Those sensors with a greater distance may show
a fluctuation in stain outputs (Figure 3b). In this study, two above concepts are the basis for crack
localisation which will be discussed in the next sections.

3. Computational Technique and Framework

The study framework proposes three different algorithmic and statistical techniques to identify
cracks and also classify them. All procedures are time-independent. Diagram one shows the fracture
detection framework, which localises and predicts the fracture via machine learning algorithms.

This section is organised into three units. Initially, the Shewhart Control Chart [23] was
employed to detect anomalies in sensors with non-random conditions [24], where healthy sample
behaviour is also exhibited. Section two defines the Hierarchical Clustering algorithm to classify and
train a model based on observations of incongruities in sensor output. Furthermore, Grubbs test [25]
with the corresponding threshold values receives the classified cracks at the next stage. The threshold
values then define a boundary between the tolerance interval [26] and the destructive fracture
population.
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Pre-processing:

sorting 10T sensors
output, normalisation

Feature Extraction
Database MAX/MIN values

HC Algorithm

Shewhart
Control Chart
Anomaly localisation

Detect cracks
stage under load

Detect
OoC
sensor

Two sides Threshold No
Grubb’s Level of rejected
test of(2N) outliers

Diagram 1. Fracture detection framework: First, the data will be pre-processed, including splitting
the output from BLE sensors and normalising it. The prominent features of the sensor output (such
as max and mean) can then be extracted. Next, a control chart will be used to identify the location of
fractures. At this stage, any incongruous sensor will have its output fed into the HC algorithm to
identify the level of cracking. Subsequently, observations classified in the previous stage will be
examined by GT for outlier rejection.

3.1. Sensor Control Limit

Shewhart control charts are well-known tools for identifying potential out-of-control (OoC)
states [27]. The basic principle of the chart is to detect instances where there is an unnatural deviation
between parameters [28]. In general, the chart maintains a centerline as the mean of the process,
which can be controlled with an upper control limit (UCL) and a lower control limit (LCL) set at +30,
respectively [29]. The conventional sigma value can be a moving average, range measurement,
standard deviation (SD), or other attributes as required by the system to measure [24,30]. The process
is considered in control or a stable phase if the measurement value fluctuates between the LCL and
UCL, and out of control when a single observation is beyond the designated boundary [31]. In the
current study, the standard deviation has been used to determine how far each BLE sensor’s output
has been located from its mean value when the cracks are developed [32]. Based on our observation
of multiple data sets, the sensor’s standard deviation closer to the crack exceeds the boundary of
UCL/LCL. This feature helps to localise fractures. Figure 4 compares five sensors with loads (healthy
sample) and the same sensors when cracks developed through the specimen (damaged sample).
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Figure 4. a) Comparing five sensors’ outputs for Rs before crack development (sensors under load
but in normal phase). b) Anomalies sensors after crack development through Rs. ¢ & d) comparing
five sensor outputs for Ss before and after crack development respectively. As discussed above, a
sensor close to cracks usually appears out of the UCL/LCL interval.

The Shewhart Charts can be implemented on all the sensor channels simultaneously. If the
output of each sensor is x, and it normally distributed with mean of m and variance of SD, so the

confidence interval will be:
C _ x-m
" sDy

where g; = SDVn , n=number of fracturs and xis average value of x.

3.2. Agglomerative Hierarchical Cluster Algorithm

The primary purpose of using unsupervised learning algorithms is to identify and categorise
fractures to assess crack levels. This method generates significant clusters at different levels of a
hierarchy. Data obtained from deviant BLE sensors will be fed into the HC algorithm for further
classification. To group similar BLE outputs, a measurement is required. This measurement can be
the distances relative to each other [33-36], meaning that pairs of sensor observations with closer
distances could be grouped in similar clusters. In this study, the Chebyshev distance [37] between
data points is calculated. The measurement between points A and B is shown in the equation. This
process continues until the intervals between all the observations are calculated and the entire BLE
output is organised into various clusters. The visual representation of hierarchical clusters is
commonly referred to as a dendrogram [38], as shown in Figure 5. The ultrametric topology illustrates
how the fracture observations are developed. All clusters eventually link to each other to generate
larger clusters until all observations in the original dataset are linked together [34,35]. The height of
each link indicates the distance between the two points that are joined, where a shorter link between
two objects represents a closer distance (and similarity), and a higher link shows dissimilarity
between objects [33].


https://doi.org/10.20944/preprints202409.1639.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 September 2024

500+

400+

3004

linkage height

200+

1004

x1 x2 x3 x4 X

Figure 5. A dendrogram of six initial surface cracks (left), and equivalent Venn diagram (right). The
dendrogram shows classificatory relationships between samples. This can be seen that the height of
links increases when there is a progression in crack depth.

3.2. Grubb’s Test

The sensor near the point of fracture shows an increase in strain measurements when cracks start
to form. To prevent deeper cracks, a statistical test is used to identify outliers, such as crevasses, by
setting a threshold condition. Grubb’s test (G-test) is employed to detect outliers from the previously
categorized high-consequence observations by setting a threshold a. The test continues to reject
outliers in each cycle until no exceptional data is found (refer to Figure 6). The underlying theory of
Grubbs' test is that the observations are normally distributed. The G-statistic test is calculated for the
out-of-control (OoC) BLE sensor output as follows:

_ max(-=1'“_'N)|x—E|
G = 1541) (1)

Where x is the sensor outputs including healthy (without damage) observation and various depth
crack’s sample, X is the mean value of the observation and SD is standard deviation of data. Any
result obtains from G-test and greater than G critical value will be eliminated in each cycle. The
critical value can be determined as follow:
Gcrit = - Deeris (2)
N(N-2+t2.;)

The t..; is a significant level that can be defined via % where « is condition threshold. The

conventional value for a is 0.5, i.e.,, 95% of observations are in confident level and consider non-
outlier [42]. However, in current study, to avoid potential hazards at early stage, another threshold
(10%) is evaluated. A reasonable concern is that a composite material test could contain more than
one outlier that can call median hazard observation. GT threshold increments could assist in avoiding
system failure in the recognition of unusual observations before main fractures.


https://doi.org/10.20944/preprints202409.1639.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 September 2024

as

:: /
1. // - ’f

A% - oi L} L= ] L 15 [] 1 i ] (] H [ 7

Sample Quaniiles
Sample prics to GT

Standard Normal Quantiles Crack Dupth (men]
b} 't 0
025
- = 02
Eow Fd
£ e
5 on o ons
o -}
i 3
=
§ o 3
" 4
T
408
ET El 45 [] B 1 15 [] 1 1 ] i ] ]
Stwndard Normal Quantiles Crack Depih (mm)
C } B
1]
e [
boé 3 e
: ¢
E 1] 5 nesk
a b
H g o
o L 5
5 g onf
& ks
i e
1 [
A5 A a5 ] 08 1 15
Standard Normal Guanties Cracik Depth {mem)

Figure 6. a) Normal probability plot of developed cracks prior to GT application. b) & c) The same
samples after applying GT threshold (a)- (0.05 % and 10%) with 90% & 99.5 % confidence respectively.

4. Discussion and Results

In section 3.1, we discussed the use of the Shewhart control chart to pinpoint damage. This chart
utilizes average values and standard deviation to detect deviations in sensor output from the mean
or change point. Figure 7 illustrates the comparison between the healthy and damaged sample mean
intervals, which are determined by the lower and upper control limits (LCL and UCL). The Shewhart
chart is used to monitor the sensor output within these boundaries, and any deviation beyond this
interval could indicate an abnormal situation. Therefore, if a sensor’s distribution value shifts from
m to m+Ao, as shown in Figure 7, it would be considered irregular.
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Figure 7. The probability density belongs to sensor 3 (square) on the left, and sensor 2 (rectangle) on
the right, before and after crack development. For the square, the process shift (Ao) is positive, while
the rectangle shows negative variance. This is because the IoT sensors were located on the surface of
the square, while the same sensors were located beneath the surface for the rectangle specimen,
resulting in negative recordings.

LCL and UCL control limits are completely flexible and obey the sensor outputs. Each sensor
provides various mean and SD values, that could result in non-identical Ao and control limit
assumptions. However, studies [31,43] proved that neither the number of observations nor stringent
control limit is effective on OoC finding.

The Shewhart control chart capability to detect crack location is verified by comparing PDF
coverage against crack growths for the three experimental samples (Figure 8). Cracks with similar
sizes will be grouped into logical ranges or bins. The predicted PDF curve outcomes show that the
curve fit correlated well with the crack growth at different levels for surface and length cracks. Based
on bin coverage shown in Figure 8, the prediction accuracy varied between 93% to 97% for Cr, Cs

and Cb respectively.
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Figure 8. Probability of the Density Function (PDF) of the prediction error for the R, S, and B samples.
The bars represent the cracks within each sample, and the curve shows the PDF prediction. A better
Shewhart accuracy in predicting the crack location is indicated by greater coverage of the bars by the

curve.

The crack information from irregular sensors gains access to the H-cluster algorithm for
classification. The H-clustering algorithm discovered strongly related fractures at a local level to
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determine similarity (discussed in section 3.2). Following this, the algorithm provides an insight into
the data by splitting the cracks into classes of cracks, such that cracks in a group are more identical
to each other to cracks in other groups in terms of depth and length.

The number of clusters are unknown in advance by the algorithm which make it a suitable
solution for partitioning our objects via a non-heuristic search [44]. As a result, the border of fractures
could be evaluated as shown in Figure 9a,b. As the height of the link increased with developing
cracks, the measurement for HC algorithm was L (u) that were originated from o. Therefore, the
different o value shown in figure derived from Ac =L (0) 41 — L () , . The technique is applied
successfully on a variety of dataset [45—48].

To verify the HC model prediction, a polynomial function from the order of two was adjusted
to cluster links. For the model fit to “ss’, R2= %97 and the one fit to ‘bs+rs” an R2= %91 can be achieved.
The complete understanding of ‘bs” behaviour is slightly complex as compared to ‘ss” and ‘rs’ sets. It
seems the cracks are propagated uneven and broad.
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Figure 9. a) The difference between link height for ‘ss” using the HC algorithm during crack growth.
b) Repetition of exp a. for ‘rs’. c) The blue line shows a polynomial model adjusted to the cluster link
using ‘ss” with R? = %97 to evaluate the prediction accuracy. Each dot represents a link between
developed cracks and all can be located within 99% of prediction bounds. d) Repetition of exp c. for
‘bs” and ‘rs’. R2 = %91 for prediction bounds of 95%.

However, the different sizes of specimens and the shorter development of cracks could be
calculated as potential reasons for the irregularity in the conduct of crack growth, which is beyond
the scope of this study.

In terms of the Grubbs test and predicting deeper cracks, three sets of specimens with various
levels of damage are compared. For a fair comparison, the same values of ot =0.5 and a = 10 that were
discussed above are applied (Figure 10). The G-test forms a probability that assumes samples belong
to the core population, and any sample outside of this interval will be rejected by the test. The
probability distribution will be based on the differences in sample means, where the boundary could
be the sample’s standard deviation [49].
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specimens 2 & 3 and null for specimen 1. b) equivalent experiment with a = 10, here five outliers were
selected via G-test from various specimens.

5. Conclusions

In our study, we have developed a machine-learning framework for localising and classifying
cracks, and identifying the final cracks. We used measured strain as the sole attribute for this
framework. To collect strain data, we monitored three different types of specimens using a Bluetooth-
based strain gauge sensor. Our experiments revealed that crack development causes the sensor
output to deviate from its mean, and sensors with constant strain increments are closer to the fracture
location. We utilised the Shewhart control chart to discover the crack location between the sensors.
The use of this protocol demonstrated that sensors close to the fracture exhibit standard deviation
violations from the lower and upper control limits. The effectiveness of the Shewhart control chart
was confirmed using a probability density function curve with accuracy values exceeding 93%.
Additionally, the hierarchical clustering algorithm was used to detect crack development through its
connections. We then employed a polynomial function to evaluate hierarchical clustering patterns by
interchanging samples from the three specimens, achieving prediction accuracies of over 91% for
each model. This approach will enhance the speed and accuracy of material discovery. Furthermore,
we applied a G-test to avoid encountering destructive fracture populations and predict fatigue cracks.
With limited data available, we defined two thresholds to differentiate the confidence interval.
Currently, our framework can indicate the increase in surface crack depth and length, but it lacks
specificity in dimensions. In future work, we aim to enhance the system with more precise
measurements to identify fracture length and depth.
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